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Introduction
An adequately educated and trained labour force is essential for economic growth. Education and training raise the productivity of workers and create capacity to innovate and adopt new technologies. Conversely, shortages of educated and skilled workers, or workers with education and skills that do not match labour market needs, lower the potential for growth and may raise unemployment. However, translating 'adequate' into concrete education and training policies is a challenging task, not least because jobs are continuously changing. Structural change, technological change, globalization and trade have a bearing on the tasks and duties performed in our economies, which are to an important extent reflected in differential changes in job growth across occupations. These changes in the occupational structure, by implication, affect the economy-wide requirements in terms of education and skills of workers. Furthermore, various im-perfections in labour markets give rise to skills mismatch, and this issue has risen on policy agendas because of the skills-intensive nature of much economic and technological change, as well as the impact of the economic crisis (Cedefop 2010; European Commission 2012; World Economic Forum 2014) . This paper considers the education and training of the labour force based on an analysis of trends in and the relationships between job polarization and skills mismatch. Both job polarization and skills mismatch have become topics of increasing interest, but most of the literature has focused either on skills mismatch or on job polarization, and not on possible relationships between the two. Nevertheless, such relationships have been suggested in the literature on job polarization (Goos and Manning 2007) .
Job polarization means that the share of high-and lowskill jobs grow at the expense of medium-skill jobs, and such trends have been linked to the decline in the demand for routine or codifiable tasks, including both manual and cognitive tasks (Acemoglu and Autor 2011; Goos et al. 2014 Goos et al. , 2013 . Starting from a hypothetical steady state in the labour market in which the supply of education and skills perfectly matches demand, and all jobs are fulfilled by adequately trained workers, polarization would have several effects that could increase skills mismatch. In particular, in the absence of a supply response, underqualification could be expected to rise among workers performing the growing share of highskill jobs, while overqualification would rise for workers performing low-skill jobs, if these jobs are increasingly taken by workers previously employed in medium-skill jobs.
Whether such trends would materialize is uncertain for at least three reasons. Firstly, the supply of educated workers in many countries is on an upward trend, which may or may not be in accordance with the increasing share of high-skill jobs. Secondly, the literature suggests that labour markets are often characterized by a certain extent of skills mismatch, and different starting positions with regard to current or past levels of skills mismatch will clearly affect how polarization at the demand side will play out. In theory, if the supply of educated workers is polarized (in the sense of relatively high shares of workers with low and high levels of education), polarization at the demand side could lead to a reduction of measured levels of skills mismatch. Finally, job polarization may interact with unemployment, which adds to the uncertainty with regard to labour market outcomes if workers with different levels of education are affected differently by unemployment. Therefore, the relationship between polarization and skills mismatch seems an empirical matter. We analyse the relationships between imbalanced job polarization and skills mismatch at two levels in European countries. At the countrylevel, we estimate a system of two equations, one for each of the country-level variables gauging imbalanced polarization and mismatch, respectively. The main result is that imbalanced job polarization decreases mismatch between skills demand and skills supply proxied by level of educational attainment, but there is no statistically significant effect from skills mismatch to imbalanced job polarization. Thereafter we consider the individual-level and study the determinants of mismatch by running multi-level mixed effects logistic models. Determinants are divided into two categories: individuallevel and macro-level, and imbalanced job polarization is one of the macro-level determinants. The main result is that the effect of imbalanced job polarization on individual-level mismatch was arguably favourable for individuals in noncrisis time (it decreases overeducation risk although it increases the chances of undereducation, both gauged using the normative measure) but unfavourable during the global financial crisis of 2008-2009 and the following two years. The effect on overeducation gauged by the statistical measure is the opposite to the effect based on the normative measure, but we demonstrate that these results nevertheless allow for a coherent view on the interaction between job polarization and skills mismatch in Europe.
The paper contributes to the literature by an analysis of the relationship between job polarization and skills mismatch in a large group of European economies based on a job polarization index, which allows for the measurement of the extent of imbalanced job polarization in a single number for a given country and year. Similarly, we use a recently introduced measure of skills mismatch at the macroeconomic level, alongside traditional measures of skills mismatch at the individual level.
The remaining structure of the paper is as follows. We start with a review of the literature on job polarization and skills mismatch in Sect. 2. Subsequently, we define measures of polarization and skills mismatch (at macro-and microlevels) and review trends in Sect. 3. Section 4 first analyses the relationships between imbalanced job polarization and macro-level skills mismatch, and thereafter between imbalanced job polarization and individual-level skills mismatch. The last section concludes.
Determinants of Job Polarization and Skills Mismatch
The trend in job polarization (Goos and Manning 2007) has been observed in many countries. The most common explanation is technological change, which leads to the replacement of routine tasks undertaken by workers by tasks performed by computers and associated technologies (the 'routinization hypothesis'). For example, bank services available online have increasingly replaced traditional banking offices, which limits the demand for clerks and increases the demand for technicians and professionals to maintain online systems. But other factors discussed in the literature include international trade and outsourcing of routine tasks to countries with lower labour costs (Goos et al. 2009 ). In the United States, polarization of jobs has also been linked to growing wage inequality. Based on census data, it was found that the growing share of incomes going to high-skilled workers has increased demand for non-tradeable time-intensive services that are difficult to automate -such as food preparation and cleaning -provided by low-skilled workers (the 'consumption hypothesis') (Mazzolari and Ragusa 2013) . Based on data for 16 countries, strong evidence for the routinization hypothesis was found in Europe, and only weak evidence for the effects of offshoring and inequality on job polarization (Goos et al. 2009 ).
The relationship between job polarization and business cycles is the subject of intense debate based on apparently mixed evidence. According to some authors, job polarization is intrinsically related to economic cycles. Jaimovich and Siu (2012) find that in the US, much or all of the job loss in medium-skill occupations occurs during economic downturns, while jobless recoveries are also accounted for by the disappearance of such jobs. On the contrary, high-and lowskill occupations, if they experience contractions, tend to rebound in accordance with trends in output during upswings. Jaimovich and Siu, therefore, consider job polarization to be a key driver of recent business cycles, but others are less convinced. Another US-based study (Foote and Ryan 2013) found that recessions were synchronized across workers with different levels of skills, and even high-skilled workers were far from immune. Finally, Tüzemen and Willis (2013) suggest that job polarization can best be seen as a structural phenomenon. Polarization accelerates during recessions and contributes to jobless recoveries, but is not causing them.
Job polarization has been linked to skills mismatch by Goos and Manning (2007) , who argue that the scarcity of medium-skill jobs may force educated workers to take lowskill jobs. Polarization was found to be associated with increasing overqualification in Germany between the mid 1980s and the mid 2000s (Rohrbach-Schmidt and Tiemann 2011). A framework where several types of mismatch between vacancies and job seekers can help explain unemployment is developed byŞahin et al. (2014) . To capture the effects of job polarization on mismatch, the authors examine the behaviour of groups of routine occupations that have become less important, and find a strong relationship with unemployment.
Much research has been devoted to skills mismatch in relation to macro-level demand factors. Overeducation behaves counter-cyclically: the highly-educated crowd out the lowereducated during economic downturns (Croce and Ghignoni 2012; Kiersztyn 2013 ). Higher shares of temporary contracts increase overeducation via lowering the selectivity of employers and workers, while higher long-term unemployment decreases it by keeping less-able workers out of labour force (Croce and Ghignoni 2012) . A larger shadow economy does not affect the mismatch likelihood of the locally-born, but decreases the chances of overeducation of immigrants by easing the job search process for the lower-skilled; finally, employment protection legislation increases undereducation (Aleksynska and Tritah 2013) . Macro-level supply factors also play a role: overeducation on a particular education level increases with the share of population having that education level (Di Pietro 2002) .
Individual characteristics may be more important than macro-level factors (Ghignoni and Verashchagina 2014) . At the microeconomic level, five categories of factors have been found to affect the risk of overeducation: (1) ability, academic performance, and personality; (2) gender and age; (3) immigrant background; (4) labour market and job characteristics; and (5) characteristics of education.
Although an individual's ability or academic performance has proven to be difficult to capture in empirical work, research, using various approximations, suggests that graduates with lower ability face a higher risk of overeducation (Barone and Ortiz 2011; Chevalier 2003; Lianos et al. 2004; Tarvid 2012; Verhaest and Omey 2010) . Personality traits also affect the risk of overeducation and frequently are more important than ability (Blázquez and Budría 2012; Tarvid 2013) . Empirical evidence about gender effects has been mixed, with roughly equal number of studies concluding that women have a higher skills mismatch risk than men (Aleksynska and Tritah 2013; Baert et al. 2013; Betti et al. 2011; Karakaya et al. 2007; Ramos and Sanromá 2013; Tani 2012; Verhaest and Omey 2010; Verhaest and Van der Velden 2013) as those finding no difference across sex (Blázquez and Budría 2012; Büchel and van Ham 2003; Chevalier 2003; Chevalier and Lindley 2009; Frei and Sousa-Poza 2012; Frenette 2004; Støslashren and Wiers-Jenssen 2010; Wirz and Atukeren 2005) ; a few studies result in men being at a relative disadvantage (European Commission 2012; Kiersztyn 2013) .
1 The literature disagrees on the effect on overeducation from age 2 . Some studies show that overeducation decreases with age (Aleksynska and Tritah 2013; Jensen et al. 2010; Robst 2008; Sutherland 2012) or has a U-shaped relationship with it (Tarvid 2012) , while others report that age is irrelevant (Blázquez and Budría 2012; Chevalier and Lindley 2009; Frei and Sousa-Poza 2012; Kiersztyn 2013; Wirz and Atukeren 2005) . Overall, these results imply that the young may still have a comparatively higher probability of mismatch after controlling for other relevant factors. First-and second-generation immigrants face higher risk of mismatch (Aleksynska and Tritah 2013; Tarvid 2012 ) and residence duration seems to have no effect on it (Aleksynska and Tritah 2013; Fernández and Ortega 2008) . Where overeducation decreases with the length of stay, it was interpreted as immigrants preferring unemployment (Støren and Wiers-Jenssen 2010) , may be affected by the country's skillbased immigration policy (Tani 2012) , or happens only for specific types of education (Beckhusen et al. 2013) . Immigrating to a close country or having more knowledge about it dampens the risk of overeducation (Aleksynska and Tritah 2013; Tani 2012) . Higher-quality education system in the home country increases the chances of undereducation (Aleksynska and Tritah 2013) , but foreign education -even for the locally-born -is not perfectly transferable to the local labour market, as reflected by higher overeducation risk than for the locally-educated (Støren and Wiers-Jenssen 2010) . The type of mismatch after migration also strongly depends on that before migration (Piracha et al. 2012; Tani 2012) .
Studies also found that overeducation risk decreases with tenure (Büchel and van Ham 2003; Frei and Sousa-Poza 2012; Jensen et al. 2010; Karakaya et al. 2007; Wirz and Atukeren 2005) , which allows to conclude that labour market experience acts as a substitute for formal education. Finding a good match in a larger labour market should be easier, and in Europe, the risk of overeducation in big cities is indeed substantially smaller than elsewhere (Ramos and Sanromá 2013; Tarvid 2012) , although the reverse is observed in the US (Beckhusen et al. 2013) . Working without a contract substantially increases the risk of overeducation, and this result is stable across European country groups (Tarvid 2012) . Research also shows that graduates in economics, law and arts & humanities face higher overeducation risk (Barone and Ortiz 2011; Betti et al. 2011; Chevalier 2003; Cutillo and di Pietro 2006; Jauhiainen 2011; Ortiz and Kucel 2008; Støren and Wiers-Jenssen 2010) . Studies disagree on the sign of the effect from educational attainment (in terms of years or level). While some find that the risk decreases with attainment (Barone and Ortiz 2011; Büchel and van Ham 2003; Jensen et al. 2010) , others report that higher years of education (Fernández and Ortega 2008; Jauhiainen 2011) or a university degree (Frei and Sousa-Poza 2012; Wirz and Atukeren 2005) increase the risk of overeducation.
Measures of and Trends in Job Polarization and Skills Mismatch

Job Polarization
Measures
Job polarization typically reflects a declining share of "medium-level" occupations in the occupational structure, and increasing shares of "low-level" and "high-level" occupations. Different studies then define these three groups differently, e.g., based on mean wages by ISCO minor (twodigit) groups (Fernández-Macías 2012; Goos et al. 2009 ) or on the extent of cognitive, routine and manual tasks (Autor and Dorn 2013; Jaimovich and Siu 2012) . Typically, studies do not provide a single measure of polarization and instead attempt to explain changes in the employment shares in different occupations as such. An exception is Dauth (2014) , who proposes to regress employment growth rates in occupations on their rank according to average log wage and rank-squared and then use the t-ratio of rank-squared to measure the extent of polarization. While this measure allows to gauge the curvature along many occupation groups, it is difficult to decompose it in a meaningful way. The measure we propose later in this section is defined for three occupation groups only, but is more transparent and decomposable into clear subcomponents. Several measures of polarization were proposed in the income polarization literature, but all of these have drawbacks. For instance, the measure of Wolfson (1994) ,
requires to specify mean and median levels of the underlying variable and, in addition, L(0.5), which (in its original application) is the income share of the bottom half of the population -but it does not make sense to specify the "mean" or "median" job category in a given labour market, not even speaking about defining L(0.5) for jobs. Similarly, in the proposal of Tsui and Wang (1998) :
where θ and r are parameters, N is the total number of observations and K is the number of groups, it again does not make sense to consider mean and median values of job category. An alternative proposal (Esteban and Ray 1994) is
where K and α are parameters and (π , y) is a distribution over different values of vector y, where π i is the number of observations with y = y i (although it can be easily reformulated into a probability). In our case, this measure could be applied, in principle, because the three job levels can be represented as y 1 , y 2 and y 3 with respective probabilities, but such approach does not allow for country idiosyncrasies and assumes instead that all countries should ideally have the same occupational structure. Because the existing measures are inapplicable, we propose a new measure of job polarization. We need a single measure that would show the extent of polarization at a point in time. Ideally, this measure should distinguish between two situations: skill upgrading, when the share of "high-level" jobs grows, that of "medium-level" jobs declines, but that of "low-level" jobs stays constant, and true polarization, a similar situation but where the share of "low-level" jobs also grows.
Before constructing this measure, it is important to define polarization. In other words, when we say that the occupational structure is polarized, which comparison is made? In this paper, we consider polarization for a given country at a concrete point in time to be higher (lower) if the share of "medium-level" jobs relative to its average value in the previous five years in the same country is lower (higher). Thus, the measure should compare the current occupational structure of a country to the typical recent occupational structure of the same country. Comparing it to one specific year (e.g., previous year) could make the measure too unstable and subject to business cycle effects, while taking a longer period over which to measure the average might no longer reflect the typical occupational structure of the country (in addition, using a longer period may be difficult in view of the availability of consistent data for the 1990s).
To be more specific, this measure should be zero if the share of "medium-level" jobs has not deviated from its typical value, positive when it decreased and negative when it increased. Furthermore, given a change in the share of "medium-level" jobs, the measure should be sensitive to the relative changes in the share of "low-level" and "high-level" jobs. The larger the increase in one of these shares relative to the increase in the other, the larger should be the measure. For instance, the measure should be larger if the share of "high-level" jobs increases 15 percentage points and that of "low-level" jobs increases 5 percentage points than if both shares increase 10 percentage points.
Before we show the expression for such a measure, we define an operator 5 . For time series x t , the operator is defined as follows:
Now we are ready to propose job polarization index (JPI) as a measure of job polarization based on the division of occupations into three groups:
where 5 l is change in the share of "low-level" jobs from the average level in the last five years and 5 h is defined accordingly for "high-level" jobs, and | · | denotes the absolute value. Time subscripts are suppressed for p, l and h for readability. The sum in the first brackets is the reverse of the change in the share of "medium-level" jobs. It determines the main magnitude and direction of the index. The expression in the second brackets takes into account the imbalance between the change in "high-level" and "low-level" jobs and grows linearly 3 with this difference. If that expression consisted only of 5 h − 5 l , it would be zero if 5 h = 5 l, regardless of how large the change in "medium-level" jobs is, and, as a result, p would also be zero. Because this is not the behaviour we want the index to have, we add one to the linear term in the second brackets. Hence, if 5 h = 5 l, the expression in the second brackets is one and p equals to 1/2 × 5 l + 5 h × 100. The multiplier 1/2 constrains the index to be in the interval [ − 100, 100].
4
The dependence of the JPI on two components may confuse the reader. Indeed, if we see an increase in the index, is it due to a drop in the share of "medium-level" jobs only or is there also an imbalanced change at the high and low ends? We can't say, unless we decompose. This confusion, however, arises from the expectation that the index will show only pure polarization -i.e., a change in the share of "mediumlevel" jobs. The JPI measures what can be called imbalanced polarization. The second component does not immediately allow for a distinction between a skill upgrading case and a true polarization case, as defined above. However, holding 3 In principle, one can specify a quadratic dependence here,
We did that and found that the following results of the paper remain qualitatively similar. The drawback of the quadratic dependence is that it results in very low values of the expression 5 h − 5 l 2 and, hence, the whole term in the second brackets in (5) is only slightly different from 1.0, making its presence in the equation questionable. 4 It is straightforward to show that, under three restrictions, max p = 100 and min p = −100. These restrictions follow from the nature of the parameters of function p (a change in a share cannot be larger than 1 and smaller than −1) and are as follows: (1) 
Because the function is fully symmetric, it is sufficient to prove the upper border. It is clear from the expression in the first brackets that the maximum is reached when that expression equals one. Then the maximum of the second expression is attained when one of the parameters is one and the other is zero, and this maximum is (1 + |1 + 0|) = 2. Then p = 1/2 × 1 × 2 × 100 = 100. the first component constant, the JPI will be higher in case of skill upgrading than in case of true polarization, because the imbalance in the changes in the ends is higher in the former case than in the latter. In this paper, we will use the JPI over three groups of occupations based on skill requirements defined by the International Standard Classification of Occupations (ISCO, ILO 2013c). Thus, high-skill occupations constitute ISCO major groups 1-3, medium-skill occupations include all occupations from ISCO major groups 4-8 and low-skill occupations consist of elementary occupations (ISCO major group 9). Figure 1 shows how the index performs on European data. In Europe, the share of high-skill occupations increased on average 5.5 percentage points between 2002 and 2012, with a similar decrease in medium-skill occupations, while the share of low-skill occupations remained flat throughout the period. As expected from this behaviour, average JPI was positive in 2002-2012, although it fell to 0.13 in 2011 and rebounded to only 0.21 in 2012.
Trends
Its pattern was not strongly related to economic growth, as accelerations in growth sometimes resulted in an acceleration in the pace of increase in the JPI (e.g., in 2004) and sometimes in a deceleration (e.g., in 2006-2007) . At the height of the economic crisis in 2009, the share of high-skill occupations and the JPI both increased, which confirms the conclusion by Eurofound (2013) regarding the polarizing effects of the recession and the greater resilience of higher-paid jobs during the crisis in Europe. 5 Nevertheless, according to Cedefop (2012) projections, job polarization is likely to continue to be important in Europe in the coming years, as most new jobs will be created at the high-skill and low-skill ends of the spectrum, which means that the JPI will remain positive.
As the left panel of Fig. 1 shows, although the average European value of the JPI is close to zero, countries are highly heterogeneous with respect to the values of the JPI in 2012 (in 2002, the index was positive in almost all countries). Luxembourg and Portugal are leading the list with the index being around 2.5, while Slovakia, Italy and Czech Republic are in the bottom with their indices being around −1.5. Germany, Iceland and Romania have almost no polarization in 2012: their indices are close to zero.
Macro-Level Skills Mismatch
Measures
Labour markets around the world continuously demonstrate various types of "mismatch," including mismatch between the number of job seekers and employment opportunities, which is reflected in unemployment. In contrast to unemployment, however, which is measured according to international standards, a uniform typology or measurement framework regarding skills mismatch and related issues, such as skills shortages, is lacking.
As skills and competencies per se are not measured by the regular statistical programmes of most countries, skill proxies are used such as qualifications and years of education at the supply side, and occupations at the demand side. The literature offers several overviews of types, strengths and weaknesses of skills mismatch measures (Johansen and Gatelli 2012; Quintini 2011; Sparreboom and Powell 2009; Wilson et al. 2013) .
At the macro level, we focus on skill shortage and surplus in this paper, which seems appropriate for the analysis at hand. According to ISCO, low-skill occupations are matched with primary education, medium-skill with secondary and high-skill with tertiary education. For the labour market to be in equilibrium, a shift to high-skill occupations should, therefore, be accompanied by a similar shift to tertiary education at the supply side. The latter is clearly what has been happening for decades in European countries. The proportion of persons with tertiary education in the EU has been steadily rising from 17 per cent in 2000 to 25 per cent in 2012 (Eurostat data). Nevertheless, this is insufficient to match the polarization trend, which resulted in 40 per cent of all employment in the EU in 2012 being in high-skilled occupations, according to Eurostat. 6 This apparent shortage of highly educated workers helps explain the inverse relationship between unemployment risk and education level. In Europe as a whole (EU-27, Eurostat data), individuals with primary education saw their unemployment risk gradually increase relative to that of the tertiary-educated from 2.4 times in 2000 to 3.0 times in 2013. The risk of unemployment for the secondary-educated was around twice higher than for the tertiary-educated in 2000, but this ratio dropped to 1.5 by 2013. Differences in unemployment rates by level of education of workers signal skills mismatch, as such differences indicate that the level of educational attainment of workers is an important determinant of the probability of finding a job besides the overall level of unemployment. These differences can be summarized in a skills mismatch index (SMI), which was introduced by ILO (2013a ILO ( , 2013b , based on a comparison of the structure of educational attainment of the employed and the unemployed.
The index is defined as follows:
where i is an indicator for the level of education (primary or less, secondary or tertiary), | · | denotes the absolute value, E i /E is the proportion of the employed with education level i and U i /U is the proportion of the unemployed with education level i. It should be emphasized that this index captures one dimension of mismatch, namely mismatch between skills demand (defined by the skills of the employed) and skills supply (defined by the skills of the unemployed), both proxied by level of educational attainment. The index does not capture mismatch at more detailed levels of skills or mismatch between the skills of the employed and their job requirements.
Apart from being a measure of mismatch between skills supply and demand, the SMI can be interpreted as a summary measure of the relative position of labour market groups with different levels of education (that is, a measure of inequality). If primary, secondary and tertiary graduates all have the same unemployment rate, the index will have a value of zero (no dissimilarity between groups), while the index would reach a value of 1 or 100 per cent (complete dissimilarity) if, for example, all those with primary and tertiary education are employed and all those with secondary education are unemployed.
Trends
A wide range of skills mismatch is observed across the sample of 31 European countries (see Fig. 2 ). In 2012, the SMI ranged from 4.3 per cent in Romania to 24.6 per cent in Lithuania. In most countries, the index increased, compared to its value in 2000. Nevertheless, it dropped in 11 out of 31 countries, with the largest decrease observed in Romania (−15.5 percentage points) and Luxembourg (−8.7 percentage points). The largest increase during these 12 years happened in Spain (12.8 percentage points), Malta (11.9 percentage points) and Latvia (9.9 percentage points). In case of Spain, such a spike occurred because unemployment doubled for the primary-educated, increased 75 per cent for the secondary-educated, but rose only 37 per cent for the tertiaryeducated in this time period (Eurostat data). It should be noted that mismatch between supply and demand measured on the basis of unemployment rates by level of educational attainment is not an indication of the quality or responsiveness of education and training systems as such. High-quality education and training improves the employability of workers, and in this way contributes to low unemployment. However, among those who are unemployed, there are likely to be many workers who did not benefit from the education system to the same extent as the employed. In Austria, Germany and Finland, for example, the SMI was above the European average in 2012, despite low unemployment rates and well-regarded education and training systems.
The right panels of Fig. 2 show that after sliding down in 2000-2003, the average SMI rebounded and started growing until the peak in 2008, when the global financial crisis started. This reflects that while unemployment rates for workers with primary, secondary and tertiary education all decreased during this period, the relative decrease was larger for those with secondary and tertiary education. The crisis dampened the mismatch, as the relative increase in the unemployment rates for workers with secondary and tertiary education became larger than that for workers with primary education. The change in percentage points was larger for workers with primary education, which has often been used as an argument that these workers were hit "relatively hard" during the crisis (ILO 2012; OECD 2012) .
The crisis, thus, resulted in less skills mismatch on this measure, which may appear counter-intuitive. However, it should be borne in mind that the SMI is constructed in such a way that it is independent from the level of unemployment and reflects how different groups of workers are affected in relative terms. The decrease in the index demonstrates that the relative position of better educated workers deteriorated in comparison with their position in 2008.
The average index primarily decreased for men and the young (aged 15-29), whose average indices dropped around 2 percentage points each. On the contrary, the average mismatch for women and adults (aged 30 and above) lost only around 0.5 percentage points by the end of the crisis. After the crisis, the growth in average mismatch index resumed.
Micro-Level Skills Mismatch
Measures
We complement the measure of skills mismatch at the macro level with measures of overeducation and undereducation at the individual level. The concept of overeducation (undereducation) means having more (less) education than required by the job, but the measurement has proven to be quite controversial. Four different approaches exist in the literature (Hartog 2000; Quintini 2011 ) a This measure is not typically discussed in the literature; it connects overeducation to another failure in the labour market -underpayment. See Guironnet and Peypoch (2007) or Jensen et al. (2010) for examples.
(see Table 1 ) with their own advantages and disadvantages, and there is no agreement on a single "correct" measure. Moreover, different measures may lead to very different results, and this also leads to differences in model estimates in which overeducation is used.
In this paper, we use the normative measure based on ISCO alongside a statistical measure, 8 which allows for a categorisation of workers that is consistent with the macro level measure (following ILO (2013c ILO ( , 2014 ). The normative measure starts from the division of major occupational groups (first-digit ISCO levels) into the three groups used in previous sections and assigns a level of education to each group in accordance with the International Standard Classification of Education (ISCED). Workers in a particular group who have the assigned level of education are considered well matched: workers with tertiary education match high-skill jobs, the secondary-educated match medium-skill jobs and those with primary education match low-skill jobs. Those who have a higher (lower) level of education are considered overeducated (undereducated). For instance, a university graduate working as a clerk (a medium-skill occupation) is overeducated, while a secondary school graduate working as an engineer (a high-skill occupation) is undereducated.
An advantage of the ISCO-based measure is that the definition of mismatch does not change over time and the results are, therefore, strictly comparable. A possible disadvantage of this method is that it does not take the actual distribution of educational attainment into account. Therefore, in high-attainment countries, the proportion of the overeducated might be higher. Another disadvantage of this measure is that, by construction, it does not allow for either overed- 
Trends
Countries differ markedly in mismatch patterns (Fig. 3) Considering stable recent country-specific trends in skills mismatch in countries with sufficient data to assess trends (ILO 2014), we find that in the majority of countries (16 out of 26) overeducation increased on at least one measure, while it increased on both measures in Cyprus. Seven countries experienced a downward trend in overeducation by at least one measure (Finland, Greece, Ireland, Israel, Poland, Slovenia and Ukraine). Undereducation decreased on at least one measure in the majority of countries (18 out of 26), and decreased on both measures in Bulgaria, Israel, Poland, Portugal, Russia and Slovakia. However, in five countries it was growing (Denmark, Greece, Lithuania, the Netherlands and Switzerland).
In countries covered in all six ESS rounds, the average incidence of overeducation is increasing and the average incidence of undereducation is decreasing from 2002 to 2012 (Fig. 4) . According to the ISCO-based measure, the increase was 3.2 percentage points, while the mean-based measure shows a U-shaped pattern in 2002-2010 followed by a 0.4 percentage point drop in 2012. As was noted before, the ISCO-based measure in part reflects an increase in the educational attainment levels of workers. However, the sharp rise in the average incidence of overeducation according to both the ISCO-and mean-based measures during 2008-2010 (by 1.5 and 0.8 percentage points, respectively) is likely to also reflect increased competition for jobs associated with the employment crisis.
Undereducation dropped 8.2 percentage points in 2002-2012 on the ISCO-based measure, which again partly reflects an increase in workers' educational attainment levels, and by 0.5 percentage points, according to the statistical measure. Similarly to overeducation, the downward trend in undereducation accelerated in 2010, decreasing by 2.9 and 0.14 percentage points, according to the ISCO-and mean-based measures, respectively, which is again consistent with stronger competition for jobs between 2008 and 2010.
Women are more frequently overeducated and less frequently undereducated than men of their age group, according to the ISCO-based measure, and both results are stable over time (Fig. 5) . However, the statistical measure leads to the opposite conclusion for overeducation: not only are women less frequently overeducated, but gender differences also decrease over time. There is no contradiction between these seemingly contrasting results, however. The normative measure shows that women are more frequently working in jobs where their education level is, from the normative point of view, not necessary. The statistical measure reflects that, at the same education level, women have less years of education than men 12 , which is why they are less likely than men to have more years of education than the mean years of education in their occupation. For undereducation, the statistical measure produces intertwined dynamics for both sexes. According to both measures, workers aged 15-29 face higher overeducation risk and lower undereducation risk than workers aged 30 and above.
Disaggregation of average mismatch dynamics by skill level of jobs ( 
Results
In this section, we first discuss the relationship between the JPI and the SMI. Then we move to studying the effects from the JPI on individual-level mismatch. Summary statistics of the variables used in this section are available in the Appendix, Table 11 for macro-level models and Tables 12 and  13 for multi-level models. 
Polarization and Macro-Level Skills Mismatch
We first estimate the models of the SMI and the JPI separately.
We use a linear model with country-level random intercepts based on a panel of 24 countries 14 observed in 2002-2012. The results (see Table 2 ) suggest that there is no relationship between the two indices. The SMI is inversely related to employment protection legislation (EPL) and pro-cyclical. The JPI increases with per capita income and population growth.
Single-equation results, however, may be biased, as they do not take into account possible inter-relationship between the two equations. Theoretically, one would expect that job polarization increases the demand for workers at certain levels of education, and in the absence of a supply response this will lead to more mismatch, unless the supply of educated workers was already polarized to a larger extent than available jobs. On the other hand, high levels of skills mismatch in groups of occupations may also influence the pace of job polarization, again abstracting from a supply response.
Simultaneous equations where endogenous variables appear on both sides of equations are typically estimated using three-stage least squares (3SLS) (Zellner and Theil 1962) . We run a 3SLS-like simultaneous equations model for the JPI and the SMI with country-level random effects correlated across equations:
14 Austria, Belgium, Czech Rep., Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Italy, Luxembourg, the Netherlands, Norway, Poland, Portugal, Slovakia, Slovenia, Spain, Sweden, Switzerland and the UK. Only in these 24 countries was it possible to define employment protection legislation, which is one of the independent variables in the model discussed below. where i is country index and t is year index. We use conditional mixed process estimator with multilevel random effects and coefficients (Roodman 2011) for that purpose. Table 3 shows that the JPI negatively and statistically significantly affects the SMI, but the reverse effect is close to zero and not significant. The size of the effect from the JPI on the SMI is close to −1.8.
Further analysis 15 shows that the SMI is related to the lowskill occupation parameter ( 5 l) of the JPI more strongly than to its high-skill occupation parameter ( 5 h), although both are highly significant.
None of SMI components is significantly correlated with 5 h. At the same time, all three components of the SMI are significantly correlated with 5 l. 16 To get a clearer picture of the relationship between the components of both indices, we run the following three-equation seemingly unrelated regressions (indices denoting observations suppressed for readability): Table 4 shows that changes in low-skill occupation share have a more than twice larger effect on the components of the SMI than changes in high-skill occupation share. At the same time, the low-skill component of the JPI most strongly affects the primary-education component of the SMI, and the high-skill component of the JPI most strongly affects the tertiary-education component of the SMI, although the effect size from 5 h is nearly the same on both the primary-and tertiary-education components of the SMI. The results, thus, suggest that labour markets have a greater difficulty in accommodating changes in the share of low-skill occupations, which are more strongly related to skills mismatch, which can be explained by several factors. Given that the supply of high-skill workers is in general on an upward trend, this may mitigate the effects of job polarization on skills mismatch for high-skill occupations. It may also be that education systems are relatively responsive at higher levels of education, in part because the upward trend is supported by policies in many countries. Other explanations are related to the behaviour of workers, which will be discussed in the next subsection. (7). The system (7), in the specification (3) as shown in Table 3 , was estimated on a subset of countries where it was possible to include all lags from 3 rd to 10 th in 2002-2012. These countries are Denmark, Estonia, France, Germany, Greece, Iceland, Ireland, Italy, the Netherlands, Portugal, Spain, Switzerland and the United Kingdom. Because it was not possible to include all countries that were included in the model whose results were discussed above due to data unavailability, the values of the coefficients shown in the figure are different from those shown in Table 3 .
We will now analyse how sensitive the above results are to alternative definitions of the JPI. Recall that we used the 5 operator, that is, five lags of data in (5). We will now analyse how the coefficients in (7) depend on whether the JPI was defined using operators 3 , 4 , ... 10 defined analogously to (4) -that is, from three lags (reference to short-term average) through ten lags (reference to long-term average). The dataset does not allow us to go beyond 10 lags (as there are no data before 1992), and we continue estimating (7) on years 2002-2012. The dataset also does not contain data for all countries in 1992-1997, so to keep the following analysis consistent, we take only those countries where we have data from 1992 through 1997 on which to compute longer lags in JPI definition (see the list of countries in the note to Fig. 7) . Figure 7 shows that the effect from the JPI on the SMI is the strongest when compared to short-term averages (lag lengths of 3-4), but the closer we move to the long-term reference value, the less pronounced the relationship becomes. Even when the JPI has 10 lags, however, its effect on the SMI remains significant. The effect from the SMI on the JPI increases somewhat with lag length, but remains modest (as compared to the reverse effect) and insignificant.
Polarization and Individual-Level Skills Mismatch
Overeducation and undereducation may be related to job polarization in various ways. For example, if the growth of high-skill occupations outpaces the supply of workers at this level of skills, undereducation can be expected to rise. On the other hand, overeducation may rise if high-skilled workers cannot find appropriate jobs and increasingly compete for jobs usually taken by those with a lower level of education.
In this section, we will study how the risk of mismatch at individual level depends on the polarization of the occupational structure. We will use the nominal (ISCO-based) and the statistical (mean-based) definitions of mismatch of both overeducation and undereducation that were introduced before.
Several methods are possible in studying the determinants of over-and undereducation on cross-sectional data, such as that available from ESS. The simplest is to run logit/probit models separately for two dummies representing overeducation and undereducation, respectively. A more elaborate method is to create a three-category variable and run a multinomial logit/probit model with a base category of full match between the individual and the job. We will use multi-level mixed effects logistic model. This model allows for intra-cluster correlation of observations by assuming that they share common cluster-level random effects. The model allows for several levels of nested clusters, and we will use two levels: individuals (the first level) will be nested inside countries (the second level). This model also allows for cluster-level random coefficients, i.e., separate random effects of the variable within each cluster. We will include random coefficients on the sex dummy in aggregate (i.e., not sex-specific) models. All models will be estimated by adaptive Gaussian quadrature with seven integration points. The models will be estimated on 30 countries: 24 used in Sect. 4.1, Bulgaria, Croatia, Cyprus, Latvia, Lithuania and Romania. The dependent variables will be overeducation and undereducation defined by ISCO-based and mean-based measures.
Accounting for unobserved heterogeneity is important for micro-level models of mismatch. There might be unobserved individual-or job-specific factors that, together with the observed factors, make the worker a perfect candidate for his or her job. Not controlling for such unobserved factors might make results biased. For cross-sectional data 17 , unobserved heterogeneity can be approximated by using a proxy for ability (Cainarca and Sgobbi 2012; Chevalier 2003; Korpi and Tåhlin 2009) , splitting the sample into more homogeneous (e.g., in terms of earnings) sub-samples (Budría 2011; McGuinness and Bennett 2007) or controlling for the envi- 17 There are more options if panel data are available, but because ESS is a cross-sectional dataset, these are not reviewed here. ronment where the individual was raised (Korpi and Tåhlin 2009) . Personality is another important source of unobserved heterogeneity, but it was used by only two studies in the context of mismatch (Blázquez and Budría 2012; Tarvid 2013) . Tarvid (2013) showed that personality is an important predictor of overeducation and frequently performs better than ability.
Data on respondent's personality are included in ESS data. We will use it to control for unobserved heterogeneity.
18 ESS data contain 12 variables describing respondent's personality. Each of them measures the extent to which the respondent believes he/she resembles the description of a given trait. We created 12 dummies indicating respondents who were "very much like" the respective description. We then ran factor analysis, which allowed us to combine these dummies in three summated scales created by taking the average value of the relevant dummies:
• Social orientation (important to be treated equally, follow rules, help people and be loyal to friends) • Achievement orientation (important to be rich, show abilities, get respect and be successful) • Openness to experience (important to be creative, try new things, make decisions freely and seek adventures)
Each scale runs from 0 to 1, where larger values indicate better representation of particular composite trait in the respondent. Principal-component factor, iterated principal factor and maximum-likelihood factor methods all gave the same grouping after rotation, whether orthogonal or oblique. KMO measure is between 0.80 and 0.90 for the whole sample and each of the twelve dummies individually; Cronbach's alphas are between 0.60 and 0.65. Other individual-level explanatory variables in the current model were shown to be related to mismatch in other studies (see Sect. 2) or are otherwise related to it. These can be grouped into three categories. Personal characteristics, besides personality variables, include general demographics (age and its square, sex dummy), dummies for being a student or a disabled, immigrant background and education level (only where mismatch is measured by the mean-based criterion). Family characteristics include the number of children, partner employment status, parental and partner's education level and whether one of the parents is responsible for supervising other employees (dummy). Finally, labourmarket characteristics include the type of domicile, firm size, whether the respondent is responsible for supervising other employees (dummy), unemployment experience with a duration up to 3 months or up to 1 year (in a lifetime in both cases, dummies) and working without a contract.
The model also includes two macro-level country-specific explanatory variables: the JPI and total unemployment. Time fixed effects are represented by ESS rounds.
We will now analyse the effects from the variables of main interest: the JPI, unemployment, sex and ESS rounds, which are shown in Tables 5 (for overeducation) and 6 (for undereducation). Four models are compared:
where y is mismatch state (overeducation or undereducation, depending on the model), p is the JPI, f is the female dummy (note that it has both a fixed coefficient, δ, and a countrylevel random coefficient, ξ c ), t denotes ESS rounds, vector x contains all individual-specific variables other than sex and the unemployment rate of a country in the given ESS round, and ζ c are country-level random intercepts. Indices i, c and t denote individuals, countries and ESS rounds, respectively. This set-up, thus, allows to compare the effect on individual's mismatch coming purely from the JPI (controlling for sex and time fixed effects) and the changes in the effect after controlling for other relevant variables included in vector x. The same four models are also run separately for men and women (without the sex dummy, of course). Of these models, model (3) is the main model.
At first, the results from model (3) seem to say that the JPI is irrelevant for individual-level mismatch: the only significant effect on the total sample is the positive effect on mean-based overeducation. Model (1), however, shows all effects from the JPI on the total sample as not significant, so the significant effect in the mean-based overeducation model appeared only after including other explanatory variables.
We hypothesise that there in fact is an effect, but it is different for subgroups of individuals and, thus, cancels out. We, thus, set two hypotheses: (1) the effect is different for men and women and (2) it differs across ESS rounds. Sexspecific models and models with interactions between the JPI and ESS rounds (models (2) and (4)) on the total sample allow us to investigate this issue further.
The first hypothesis does not hold in case of undereducation: Table 6 shows that there is no effect for males or females in models (1) and (3) for both mismatch measures. However, we find support for this hypothesis in case of overeducation (Table 5 ). The JPI increases the risk of overeducation of males but does not affect it for females. Note that adding other explanatory variables decreases the odds ratio of ISCO-based overeducation but increases it for mean-based overeducation, but the changes are certainly not radical. Summing up the results from both measures, we can conclude that a one-point increase in the JPI increases the risk of overeducation for males by 4 to 5 per cent, depending on the measure.
The second hypothesis generally holds in case of ISCObased mismatch measure. In both models (2) and (4), we can see that the effect from the JPI was arguably positive to the individual in the first three rounds (i.e., in 2002-2007) in the sense that in countries with a higher JPI the probability of overeducation was lower but that of undereducation was higher. The absolute size of the effect, however, was much smaller in the second and third rounds (2004) (2005) (2006) (2007) than in the first round (2002) (2003) . In contrast, the fourth round (2008) (2009) ) and, to some extent, the fifth round (2010-2011) have a contrasting effect: countries with a higher JPI can be associated with a generally higher overeducation. The situation with undereducation was somewhat different: the effect is still positive in the fourth round (in model (4)), but then in the fifth round, it went down to being insignificant (in model (4)) or negative (in model (2)). Most likely, these effects come from the crisis, but note that in model (4), we do control for unemployment rate, which should accommodate some of the effects from the crisis on mismatch.
In case of mean-based mismatch measure, the second hypothesis also holds but to a smaller extent, because most effects on undereducation are not significant. For overeducation, effects become significant only after non-sex individuallevel controls are added (note that unemployment is not significant). Again, we can observe that in the first two rounds, the JPI increased mean-based overeducation, but the effect disappeared in the following two rounds, then became riskdecreasing in the fifth round (2010) (2011) and finally, in the most recent round (2012) (2013) , it turned back to be riskincreasing. This is the reason why the overall effect from the JPI on mean-based overeducation is positive and significant.
As just noted, the effect of the JPI on mean-based overeducation is generally positive, and its behaviour during the global financial crisis (2008) (2009) and immediately afterwards (2010-2011) appeared to be a temporary deviation, which ended in 2012-2013. Can we see similar behaviour in the effect of the JPI on ISCO-based overeducation? We would answer in the affirmative, as the overall effect peaked in the crisis years and afterwards started diminishing and moving to below one. The same cannot be said about the effect on ISCO-based undereducation: no clear indication of future moving directions can be inferred from the effects shown in Table 6 .
Tables 5 and 6 also enable us to combine both hypotheses and see how sex-specific effects from the JPI change over time. The overall effects on ISCO-based overeducation are clearly driven by the effect on females, as once we control for individual-level factors and unemployment rate, the only significant effect for males is observed during the crisis. Note that this contradicts the overall effect direction for males and females, which was positive and significant for the former but not significant for the latter. The overall effect for males, thus, seems to be purely driven by the crisis, while the absence of the overall effect for females by the pre-crisis and after-crisis (round 5) effects cancelling out. The overall effects on mean-based overeducation for males and females, in contrast, are in line with what is observed over time: the interactions are mostly significant for men, while only the round-one effect is significant for women.
ISCO-based undereducation analysed by sex shows that most interactions are significant for both males and females, so the insignificance of their overall effects stems purely from the dynamics over time wiping out the average effect. The situation with mean-based undereducation somewhat resembles that with ISCO-based overeducation, with two differences: interactions in case of men (but not women) are mostly significant but neither for the male nor for the female sub-sample does it lead to a significant overall effect.
Two sensitivity checks are required at this point. Firstly, we ran sex-specific models with general JPI, studying how the general level of polarization affects the situation with each sex. Would the situation change if in sex-specific models, we instead use sex-specific JPI? As Tables 9 and 10 in the Appendix show, making this change indeed changes the results somewhat. Firstly, sex-specific JPI no longer affects the risk of ISCO-based overeducation for men. Secondly, it now decreases the chances of ISCO-based undereducation for females and increases the chances of mean-based undereducation for males. Overall, however, the directions and sizes of effects in general JPI and sex-specific JPI models are similar. Moreover, the values of their information criteria are very close, so we cannot conclude that using a sex-specific JPI improves the explanatory power of models.
19 It this case, we would argue, the effects of sex-specific JPI should be treated as a scientific fact of general interest, while economic policy should be based on the models using general JPI. Otherwise, we would effectively consider the male labour market and the female labour market as two non-intersecting markets guided by their own mechanisms, which, we believe, does not reflect the true situation, at least regarding mismatch and job polarization. Further research would add clarity to this issue.
Secondly, the same check for sensitivity to JPI lag length is required, as we did in Sect. 4.1. Figure 8 shows its results on the subset of 13 countries where the JPI with up to 10 lags can be defined. These results are in line with our above observations. While the effect from the JPI on ISCObased mismatch is not significant for most lag lengths, it quickly moves away from 1.0 with lag lengths increasing 19 This holds not only for models (3) and (4), but also for models (1) and (2), whose results are not reported in case of sex-specific JPI.
and are close to being significant when the JPI is defined with 10 lags (i.e., the current situation in the labour market is compared to the average long-term situation there). As we stated above, these nearly-significant effects are negative for overeducation and positive for undereducation. The effect on mean-based overeducation is positive and significant for any lag length from 3 to 10, while that on mean-based undereducation is not significant.
Conclusions and Discussion
In this paper, we have argued that the relationship between polarization and skills mismatch is an empirical matter, which is dependent on the prevailing levels of skills mismatch, supply responses to changes in the demand for educated workers and the pace of imbalanced job polarizationthe extent to which the share of high-skill jobs and low-skill jobs grow relatively to each other at the expense of mediumskill jobs. We analysed the relationship between imbalanced polarization and skills mismatch at both the macroeconomic and the microeconomic level. We introduced a job polarization index, and used a skills mismatch index at the macroeconomic level alongside traditional measures of overeducation and undereducation at the microeconomic level.
Descriptive evidence showed that polarization has been slowing down recently (as shown by a near-zero or negative JPI in half of European countries, although the heterogeneity in JPI values is high), while skills mismatch at the macroeconomic level rebounded after a decline during the crisis. Skills mismatch at the microeconomic level reflects a stable tendency in many European countries for overeducation to rise and undereducation to fall.
The main result of the regression analysis at the macroeconomic level is that imbalanced job polarization negatively affects the mismatch between skills demand and skills supply proxied by level of educational attainment, but there is no statistically significant reverse effect. In other words, job polarization seems to be the principal force in the labour market, which influences the extent of skills mismatch alongside supply trends such as the increase in workers with higher levels of education. The negative relationship reflects that skills mismatch is to an important extent driven by what happens to low-skill occupations. The trend towards a growing share of high-skill occupations by itself raises the SMI, but the SMI is more strongly related to changes in the share of lowskill occupations as captured in the JPI. Our interpretation of these results is that labour markets have greater difficulty in accommodating changes in the share of low-skill occupations. This may be due to the upward trend in the supply of educated workers, the responsiveness of education systems at different levels of education, as well as microeconomic ex- planations based on the options of workers at different levels of education. At the microeconomic level, results from multi-level logistic models show that imbalanced job polarization has no overall effect on ISCO-based mismatch or mean-based undereducation, but increases mean-based overeducation. A closer analysis identified that the lack of statistical significance in the models of ISCO-based mismatch came from a reversal of the relationship during the global financial crisis of 2008-2009 and the following two years. In non-crisis years, the JPI decreases ISCO-based overeducation and increases ISCO-based undereducation. The same effect directions were shown by further sensitivity analysis.
The results are consistent for both macro-level and individual-level mismatch in that higher or more imbalanced job polarization (i.e., stronger upgrading) tends to dampen mismatch. Note that when we claim that polarization dampens mismatch at the individual level, we focus on ISCO-based overeducation.
One could then ask two questions. Firstly, why not take into account the effect on undereducation? While in principle undereducation is a type of mismatch similar to overeducation, undereducation may be less problematic to the extent that it can be remedied by additional education and training, does not lead to depressive symptoms as opposed to overeducation (Bracke et al. 2013) and to lower job satisfaction as opposed to overeducation (Peiró et al. 2010) . 20 When the JPI decreases the risk of ISCO-based overeducation (in non-crisis years), even if it also increases the exposure to ISCO-based undereducation, the exposure to mismatch with negative consequences to the individual becomes lower.
Secondly, the effect on ISCO-based overeducation is the opposite of the effect on mean-based overeducation, so why are we focusing on the former? ISCO-based mismatch is conceptually closer to the SMI (and the JPI) in that it also considers three education levels. In contrast, the statistical (in this case, the mean-based) measure operates on the basis of 20 The effects on earnings have more nuances and controversies. For instance, the standard result is that the wages of the over-(under-)educated are lower (higher) than for the well-matched at the same education level, but higher (lower) than for the well-matched in the same job (Korpi and Tåhlin 2009; Rubb 2003; Verhaest and Omey 2012) , although lack of the difference in the effect magnitude and significance was also reported (Tsai 2010) . There is some evidence that the overeducated have higher wage growth than the undereducated (Rubb 2006) , but this finding is again not universal (Groeneveld and Hartog 2004; Korpi and Tåhlin 2009). years, and not levels, of education. Different directions of the JPI effects can be explained as follows. In case of the ISCObased measure, higher levels and/or greater skewness of polarization allow the secondary-educated to move to higherlevel positions (for which they might be undereducated), as demand increases, instead of moving to elementary occupations (which require primary education only). In case of the mean-based measure, higher levels and/or greater skewness of polarization foster investment in further education (which takes time, but not necessarily leads to a change in education level), which increases the proportion of the employees with too many years of education in a given occupation group. At the same time, there is no effect on mean-based undereducation, showing that upward mobility is more restricted for workers with lower values of years of education than the average in their occupation group. There is, thus, no contradiction in these results -they merely allow for a consideration of the labour market from different angles.
There are several limitations of this work. One of them is the definition of the JPI, which consists of a pure polarization and an imbalance component, so that a change in the JPI cannot be readily attributed to one of these. Although we argued that this is not problematic, there might be some relationship between both components that is hidden in the current set-up. Secondly, there are drawbacks in each of the individual-level mismatch measures. By construction of the ISCO-based measure, for instance, overeducation is undefined for high-skill positions. The mean-based measure, in turn, endogenises the changing skill composition of the population, which makes the interpretation of trends less transparent. Thirdly, jobs are classified into only three categories -low-, medium-and high-skill -while a more elaborate classification might yield additional insights.
The remaining results of the multi-level models are shown in Tables 7 and 8 . These will be discussed along the three groups of variables: personal characteristics, family characteristics and labour-market factors.
There is weak dependence of overeducation on age, while undereducation has a U-shaped relationship with it. A more careful analysis (not reported) shows that individuals aged 25-34 are hurt most by mismatch, having both higher overeducation risk and lower undereducation chances on both measures. Disability and the student status increase both types of mismatch on the ISCO-based measure, while on the meanbased measure they increase only the exposure to overeducation but not undereducation. Of migrants, the highest (lowest) risk of overeducation (undereducation) is faced by those from former Soviet Union countries followed by Latin American, Asian and African and Central and Eastern European immigrants. Being an ethnic minority or a second-generation immigrant has less pronounced effects on mismatch -but note how minorities are more exposed to undereducation than the fully natives. Achievement orientation is a beneficial personality trait, because it decreases the risk of ISCO-based overeducation and increases the chances of ISCO-based undereducation. Openness to experience decreases ISCO-based overeducation risk but increases mean-based overeducation risk, while social orientation is not significant in any model but is close to the border of significance for ISCO-based overeducation. Finally, a tertiary degree increases the risk of becoming overeducated at the expense of the chances of becoming undereducated, according to the mean-based measure.
Having one child decreases overeducation on the ISCObased measure, and this is the only strong effect from the number of children. Having a partner with any employment status has a positive effect on the labour market status of the respondent on the ISCO-based measure (lower overeducation, higher undereducation); the effects on the mean-based measure of mismatch are more limited, especially for undereducation. Higher education of parents or partner generally tends to increase overeducation and decrease undereducation (again, limited effects are observed for mean-based undereducation). The likely mechanisms behind that are intergenerational mobility of education level and homophily (McPherson et al. 2001 ) (in case of partner). As the effects from partner's higher education are stronger, the effects from homophily tend to be stronger. A similar effect is from a parent supervising others in their job, except that it does not affect the risk of ISCO-based overeducation.
Larger labour markets do not necessarily lead to better match -they do decrease ISCO-based undereducation, but do not affect ISCO-based overeducation risk and increase mean-based mismatch. ISCO-based mismatch generally decreases with firm size, but the effect on mean-based mismatch is U-shaped in case of overeducation and inverse Ushaped in case of undereducation. Respondents supervising other employees benefit from lower exposure to overeducation and higher chances of undereducation. Unemployment experience (in a lifetime) has different effects depending on its length. Three-month unemployment experience raises the risk of overeducation and decreases the exposure to undereducation. Twelve-month (long-term) unemployment experience also increases the risk of overeducation, but less strongly than three-month unemployment, and increases the exposure to ISCO-based undereducation but does not affect mean-based undereducation. Working without a written contract generally increases overeducation risk, but has limited effects on undereducation. 
